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Accepted 28 September 2012; Published online 8 January 2013AbstractObjective: To determine how vital signs such as heart and respiratory rates should be included in prediction models for serious bacterial
infections (SBIs) in febrile children.
Study Design and Setting: Prospective observational study of 1,750 febrile children aged !16 years, visiting the emergency depart-
ment of a university hospital; of them 13% (n5 222) had SBI. Common age-specific thresholds of heart and respiratory rates were used to
define tachycardia and tachypnea. We compared seven strategies to handle vital signs as predictors of SBI (dichotomized or continuously in
various ways).
Results: The dichotomous predictors, namely tachycardia and tachypnea, containing information on the vital sign and age showed lim-
ited value to predict the presence of SBI (area under the receiver operating characteristic curve [AUC (ROC)]: 0.53 for heart rate and 0.55
for respiratory rate). In comparison, a model with age as a single continuous predictor resulted in an AUC of 0.58. Models with age and one
of the vital signs included continuously showed the highest AUC (heart rate: 0.60 and respiratory rate: 0.63).
Conclusion: Heart and respiratory rates should be maintained as continuous variables in model development to predict SBI in febrile
children, as dichotomization results in information loss and lower predictive ability.
 2013 Elsevier Inc.
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Children visiting the emergency departments with fever
can present with a wide spectrum of disease. In the clinical
evaluation of a febrile child, clinicians use general features,
vital signs, and disease-specific characteristics often com-
plemented by laboratory tests to discriminate those at high
risk for serious infections from those with minor disease
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Open access under the Elsevier OA license.in pediatric emergency departments [3]. Several prediction
models for serious bacterial infection (SBI) have been de-
veloped to support clinicians and guide diagnostic and ther-
apeutic decisions [4,5]. The vital signs, namely heart and
respiratory rates, are often used in the prediction of serious
infections, although their diagnostic value remains a debate
[6,7].
Diagnostic research in this area has used different ap-
proaches to handle heart and respiratory rates in prediction
models [8]. The rates are continuous measures, but their
use in children is complicated as normal ranges vary with
age, and in some cases with other characteristics [9]. To
simplify the interpretation of heart and respiratory rates,
clinicians typically use age-specific threshold values to
define abnormality [10]. Diagnostic studies on febrile
children (n5 25) identified by a systematic literature
search converted the continuous variables mostly to di-
chotomous or categorical variables (n5 20), whereas the
variables were kept continuous in five articles (See
Appendix at www.jclinepi.com). Statistical arguments
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Key findings
 The vital signs, namely the heart and respiratory
rates, showed more predictive information for seri-
ous bacterial infections (SBIs) in febrile children
when treated as continuous variables together with
age compared with the dichotomous variables
tachycardia and tachypnea.
What this adds to what was known?
 The commonly used dichotomization of heart and
respiratory rates leads to suboptimally performing
prediction models.
What is the implication and what should change
now?
 Heart and respiratory rates should be treated as
continuous variables in the prediction modeling
of SBI in febrile children. Formats other than re-
gression models, such as the score charts or nomo-
grams, may help the user to apply the model.
against dichotomization include the loss of considerable in-
formation, which can lead to less discriminative models and
reduction of statistical power [11]. Furthermore, the thresh-
olds used to dichotomize may not be related to the presence
of SBI [12].
We aimed to compare several strategies for handling
heart and respiratory rates in predictive models and the ef-
fects of these on diagnostic performance for identifying
children with SBI.2. Methods
2.1. Patients
Datawere used fromaprospective study of children (aged 1
month to 16 years) visiting the emergency department of the
Erasmus MCeSophia Children’s Hospital, Rotterdam, The
Netherlands, with fever (temperature 38.0C) between July
2003 and December 2005 [13]. Patients with a significant
medical history and children who used antibiotics within 1
week of presentation to the emergency department were
excluded.
Data were obtained from a computerized triage system
and standardized electronic patient records in which nurses
prospectively documented patients’ characteristics and vital
signs, including heart rate (beats/min), respiratory rate
(breaths/min), and temperature (C).
Presence of SBI was defined as a positive culture from
a normally sterile site (e.g., urinary tract infection, bacterial
meningitis, and sepsis), radiographically proven (e.g.,pneumonia), or by consensus diagnosis reached by the
investigators, as previously described [14]. Telephonic
follow-up after 1 week was used to rule out missed diagno-
ses of SBI.
2.2. Data analyses
Analyses focused on heart and respiratory rates in combi-
nation with age [9,12]. Logistic regression was used to study
the association of heart and respiratory rates with SBIs.
Missing values were imputed once (single imputation) to
accommodate the analysis of all included children [15].
Analyses were performed using R software, version 2.12.0
(R Development Core team, Vienna, Austria; 2006) [16].
We evaluated seven modeling strategies (Table 1). The
first model reflects the typical approach in clinical practice
with the rates dichotomized using age-specific thresholds
[9]. Model 2 includes the normalized values for the rates.
The associations of the rates with SBI was further studied
linearly (model 3), with nonlinear terms (model 4), in inter-
action with age (model 5) and with models defining the de-
viation of heart and respiratory rates from median values,
adjusted for age (model 6) or adjusted for age and temper-
ature (model 7), so called centiles [9,12,17].
Nonlinearity was assessed with restricted cubic splines
(RCS) with a maximum of four knots. The RCS are very
flexible, but are restricted to be linear in the tails and have
been proposed for a stable approach for prediction models
[18]. Age was included as a linear term (similar to model 3)
as splines did not outperform the linear term.
The diagnostic performance of the models was assessed
in terms of model fit (model c2), explained variation (R2),
and area under the receiver operating characteristic curve
[AUC (ROC)]. The continuous Net Reclassification Index
(cNRI) was calculated for each model compared with
a model containing only age [19].3. Results
The demographic and clinical characteristics and final
diagnoses of 1,750 included children are presented in
Table 2. An SBI was present in 222 (12.7%) of the children.
Tachypnea was significantly more frequent in the SBI
group compared with the non-SBI group (57% vs. 48%, re-
spectively). A similar trend, although smaller, was observed
for tachycardia (SBI: 40% vs. non-SBI: 35%).
The model containing only age (linear term) is consid-
ered as a reference and showed a model c2 of 23.8, R2 of
2.5%, and AUC of 0.58 (Table 1). Dichotomizing the rates
with the age-specific APLS thresholds (Acute Pediatric
Life Support group; www.aplsonline.com), which are often
considered as variables that include information on both the
rate and age, showed less predictive information than the
continuous age variable only. Addition of continuous pre-
dictors of heart or respiratory rates improved the model per-
formance compared with only age. The way the rates were
Table 1. Performance of the different models
Model AUC (ROC) R2 (%) c2 (df) cNRI AUC (ROC) R2 (%) c2 (df) cNRI
0 (reference): age (linear] 0.58 2.5 23.76
Heart rate Respiratory rate
1: Dichotomizationdbased on APLS
cutoffs [9]
0.53 0.3 2.48 (1) 11.9 0.55 0.7 6.44 (1)a 5.0
2: Normalization (linear)b 0.52 0.1 1.35 (1) 14.4 0.57 1.3 12.57 (1)a 3.6
3: Age (linear)þHR/RR (linear) 0.60 2.7 25.34 (2)a 4.2 0.63 4 37.86 (2)a 15.2
4: Age (linear)þHR/RR (nonlinear) 0.60 3.0 28.39 (4)a 2.9 0.63 4.9 46.04 (4)a 13.3
5: Age (linear)þHR/RR
(nonlinear)þ interaction (agea HR/RR)
0.60 3.2 29.84 (7)a 4.6 0.64 5.0 47.43 (7)a 13.6
6: Centiles for HR/RR (nonlinear; not adjusted for temperature [12])c
50th 0.51 0.1 0.84 (1) 12.2 0.54 0.7 6.08 (1)a 4.0
75th 0.52 0.1 0.89 (1) 12.1 0.58 2.2 20.92 (1)a 9.3
90th 0.52 0.2 1.54 (1) 12.0 0.59 3.1 28.97 (1)a 12.8
99th 0.53 0.3 2.55 (1) 10.9 0.58 2.4 22.66 (1)a 1.0
7: Centiles for HR/RR (nonlinear;
adjusted for temperature [9])
0.54 0.6 5.44 (1)a 8.8 0.56 1.0 9.14 (1)a 6.5
Abbreviations: AUC (ROC), area under the receiver operating characteristic curve; df, degrees of freedom; cNRI, continuous net reclassification
index; HR, heart rate; RR, respiratory rate.
a P! 0.05.
b Rates are divided by age-specific APLS thresholds.
c We calculated the median and upper centiles (75th, 90th, and 99th) for heart and respiratory rates, not adjusted for temperature.
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influence. This is shown by all performance measures, in-
cluding cNRI. Models using centiles for heart and respira-
tory rates (model 6þ 7) performed similarly to the model
with dichotomized rates.
Fig. 1 shows the predicted risk of SBI for children with
and without SBI using each of the models. Using dichoto-
mized values for heart rate, a patient either has an 11.7%
(tachycardia absent) or a 14.4% (tachycardia present) risk
of SBI. Risks of SBI were 10.7% and 14.7% for dichotomous
values (absent and present, respectively) of respiratory rate.
Models including continuous values (models 2e6) showed
a wider range of predicted risks (Fig. 1, as indicated by the
dotted lines) and better discriminative ability.Table 2. General characteristics of the patient population
Characteristics Overall (n[
Age (y)a 1.8 (0.9e
Male gender 998 (57)
Temperature ( C)a 39.0 (38.3
Heart rate (beats/min)a 140 (120e
Respiratory rate (breaths/min)a 36 (28e
Tachycardia 626 (35.8
Tachypnea 862 (49.3
Final diagnosis
Pneumonia
Urinary tract infection
Bacterial meningitis and/or sepsis
Upper respiratory tract infection and acute otitis media
Lower respiratory tract infection and RSV bronchiolitis
Gastroenteritis
Otherb
Abbreviations: SBI, serious bacterial infection; RSV, respiratory syncytia
Values represent absolute patient numbers (percentage) unless stated o
a Median (IQR).
b Includes: SBI (bacterial gastroenteritis; bacterial arthritis; abscess; an
terial tonsillitis, and pharyngeal abscess) and non-SBI (unspecified viral in4. Discussion
We compared several strategies to handle heart and re-
spiratory rates in models that predict the presence of SBI
in febrile children. Commonly used threshold values for di-
chotomized heart and respiratory rates vary with age and
imply that they contain information on age. However,
models including one of the continuous vital signs plus
age outperformed models with the dichotomized values.
Our results demonstrate that different modeling ap-
proaches to continuous variables have different impacts
on information loss and diagnostic model performance.
General models that maintained heart and respiratory rates
as continuous variables performed substantially better than1,750) SBI (n[ 222, 12.7%) Non-SBI (n[ 1,528, 87.3%)
3.7) 2.8 (1.1e5.0) 1.7 (0.8e3.5)
111 (50.0) 887 (58.0)
e39.7) 39.2 (38.6e40.0) 38.9 (38.3e39.6)
160) 136 (114e160) 140 (120e160)
48) 36 (24e48) 32 (26e44)
) 90 (40) 536 (35)
) 127 (57) 735 (48)
105 (47)
50 (23)
21 (10)
825 (54)
112 (7)
224 (15)
46 (20) 367 (24)
l virus; IQR, interquartile range.
therwise.
d bacterial upper respiratory tract infection, such as ethmoiditis, bac-
fection, lymphadenitis, drug fever, and immunization reaction) [10].
Fig. 1. Distribution of predicted risks of SBI for the different models with heart rate (left panel) or respiratory rate (right panel). The median is
indicated by the center line, and the first and third quartiles are represented by the edges of the box (IQR). The extreme values are represented
by the dotted lines extending from the IQR. 1: Dichotomization, 2: normalization, 3: linear, 4: nonlinear, 5: interaction, 6: centiles, 90th percentile
(not adjusted for temperature), and 7: centiles adjusted for temperature.
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prising observation that continuous variables are dichoto-
mized in nearly 75% of the current publications in this
area (See Appendix at www.jclinepi.com). This highlights
a dilemma between clinicians and statisticians in the use
of heart and respiratory rate, as the dichotomized values
are simpler to use and widely recommended by many pedi-
atric organizations [9]. To implement statistical models that
handle vital signs continuously, a user-friendly format
needs to be provided. Score charts and nomograms have
been widely presented. Furthermore, the widespread use
of computers and smart phones in health care settings offers
opportunities for clinicians to implement even complex
modeling of vital signs ‘‘at the bedside.’’
Further interpretation of our observations raised addi-
tional issues. First, we acknowledge that there is no single
measure to determine when a model outperforms another
one [20]. In this study, we considered not only statistical
measures such as model c2, R2, and AUC (ROC) but also
a measure for clinical usefulness (cNRI). All measures
showed that the models with continuous vital signs plus
age outperformed models with the dichotomized values.
Second, respiratory rate and especially heart rate had rela-
tively small predictive effects in our data set. One may ex-
pect that a similar study in a population with stronger
predictor effects for heart and respiratory rates will demon-
strate larger differences between models, as there is more
information to be gained by better modeling of strong pre-
dictors. Validation in other populations may support our
results, for example evaluating modeling strategies for re-
spiratory rate in a population suspected of pneumonia.
Third, heart and respiratory rates were measured by clinical
counting, which is known to be subject to variability within
a patient and to interobserver variability. However, measur-
ing the rates consistently by trained nurses limits measure-
ment variability and certainly reflects common clinical
practice [17]. Fourth, we should also note that age is
a strong predictor of SBI, at least in our population. Asthe dichotomized, normalized, and centile values of heart
and respiratory rates are corrected for age effects, we did
not include age as a separate term. This followed from
the frequently used clinical argument that it would be illog-
ical to include age twice in the same model. However, add-
ing age in a model that included the dichotomized variables
improved the model performance (heart rate: model c2 (de-
grees of freedom [df]): 27.36 (2), R2: 2.9%, AUC: 0.6 and
respiratory rate: model c2 (df): 31.65 (2), R2: 3.4%, AUC:
0.61). This showed that inclusion of the same variable more
than once is statistically not a problem as long as the vari-
able is included in different terms (here, age linearly and
age-specific threshold values for heart and respiratory
rates).
Given that the vital signs in children have an age-
specific distribution, we expected the interaction term to
contain complementary information [9]. Including interac-
tion terms, however, did not improve performance. Al-
though the normal values of heart and respiratory rates
vary over age, the predictive effect of the rates on the pres-
ence of SBI did not differ with age. This is confirmed by
the limited predictive effect of the centiles of heart and re-
spiratory rates, in which the age-specific distributions are
included similarly as in the dichotomized variables, but in
a continuous way.
We believe that our observations contribute to greater
understanding of the modeling of vital signs in prediction
research generally. We encourage other researchers to con-
duct similar analyses in different populations and clinical
settings with vital signs recorded continuously.5. Conclusion
We showed that dichotomization of the continuous vari-
ables heart and respiratory rates leads to suboptimal predic-
tion models. Therefore, heart and respiratory rates should
457B. Spruijt et al. / Journal of Clinical Epidemiology 66 (2013) 453e457be maintained as continuous variables in the prediction of
SBI in febrile children.
Appendix
Supplementary material
Supplementary data related to this article can be found
online at http://dx.doi.org/10.1016/j.jclinepi.2012.09.014.
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